This paper implements and compares eight American option valuation methods: binomial, trinomial, explicit finite difference, implicit finite difference and quadratic approximation methods. And three Monte Carlo methods: bundling technique of Tilley (1993), simulated tree (ST) of Broadie, Glasserman, and Jain (1997), and least square regression method (LSM) of Longstaff and Schwartz (2001) . Methods are compared in terms of computation efficiency and price accuracy. The findings suggest that binomial is the best performing numerical method in terms of accuracy and efficiency. LSM beats the other two simulation methods in terms of efficiency, accuracy and number of discrete exercise opportunities.
Introduction
American option pricing problems have been extensively studied over past two decades. Many numerical and analytical methods have been developed and most standard problems in American option pricing literature have been solved. However, research in this area is far from end. Recent development in financial engineering has introduced a variety of new American option whose payoff contingent on multiple source of uncertainty. Pricing these options, which have sophisticated payoff structures, are computationally costly. Existing pricing methods have not provided a satisfactory answer. Some numerical methods are readily capable of pricing these options, but their efficiency and accuracy may need further improvements. This paper evaluates five popular numerical methods and three simulation methods which are widely used for pricing American option. Each method is compared based on its computational efficiency and price accuracy. Results in the paper show that each method has its advantage and disadvantage, depending on the actual application. As higher efficiency usually comes with a cost -lower accuracy, a method could be very efficient but not very accurate. For example, to value a large number of short-term options, quadratic method is the best fit as the method is very efficient and accuracy for short-term option is also good. Overall, the most flexible method is binomial tree, where users can pre-specific the number of tree steps based on available hardware and desirable accuracy. So any level of accuracy can be achieved. Simulation methods are generally not very efficient, as early exercise has to be calculated forward in time but option values can only be evaluated backwards in time. As the result shows, the most efficient simulation method, LSM, is about 40 times slower than binomial method with comparable accuracy. However, this is expected as simulation methods are most suited to value American options with multiple uncertainties.
Binomial method is very simple and has huge success in single state context. However, its success in higher dimensions where American option price depends on more than one underlying assets is limited. First theoretical extension of such model have been carried out by Boyle (1988) , he proposed a procedure for valuing options when there are two correlated state variables. In a three dimensional space, the original binomial tree expanded to a pyramid where its top is the initial price. A year later, Boyle, Evnine, and Gibbs (1989) generalised Boyle (1988) work to account for more than two correlated underlying state variables. However, their model has not been applied to American options. Kamard and Ritchken (1991) subsequently showed that the convergence rate of Boyle, Evnine and Gibbs (1989) can be improved by incorporating horizontal jumps in the price movements. Although their work can easily apply to American pricing problem, their focus is on European options. And most other works carried out in 80s also concentrated on the price of European option. Although theoretical multinomial model have been developed, its practical use in higher dimensional problem proved to be very difficult. This difficulty has to do with data storage requirements. Increasing dimensions make the lattice methods and finite differences computationally prohibitive.
The only known solution to the dimensional problem is Monte Carlo method since its simulation convergence law only depends on the variance of the price population, not on the number of stochastic dimensions of the population. The first attempt made to apply simulation for American option is by Tilley (1993) where he proposed a bundling technique to replicate the backward induction algorithm. However, Tilley method had not provided a satisfactory solution to the dimensionality problem. As Broadie, Glasserman, and Jain (1997) had pointed out that Tilley"s method was not easy to be generalized to higher dimensions. Broadie, Glasserman and Jain (1997) also offered a non-recombining binomial simulation approach. But their method suffered computational problems as simulated tree does not recombine. Number of nodes in the tree increase exponentially with time steps. It quickly becomes unmanageable as the number of exercise opportunities grows. This method can only effectively handle American options that have four or less discrete exercise opportunities. Broadie, Glasserman and Jain (1997) thus provided some enhancement to this method. They proposed a pruning technique to reduce computation burden and other variance reduction technique to increase precision. They also demonstrated the results with some higher dimensional problems. After this extension their method was a very promising technique for American option with finite exercise opportunities. Broadie and Glasserman (1998) ijef.ccsenet.org International Journal of Economics and Finance Vol. 10, No. 5; 2018 3 designed stochastic mesh method for high-dimensional problems. The primary advantage of this method is that computational effort increases quadratically with the number of mesh points and linearly with the number of exercise opportunities. However, this method as demonstrated in their paper is not generally useful for extremely accurate results. And they suggested that problem specific variance reduction technique would improve applicability of the method.
The first definite breakthrough in pricing early exercise derivatives by Monte Carlo was done by Longstaff and Schwartz (2001) . Their least square Monte Carlo (LSM) method is computationally efficient and converges to the true value and can be readily extended to high dimensions. Its superior performance have attracted much attentions in the academic, many improvements have been proposed. Stentoft (2003) has explored theoretical foundation of LSM and property of its estimator. He also proved that the LSM approximations converge to the true expectation functions under general assumptions. Stentoft (2004) provided another detailed analysis of LSM and he shows LSM is computationally more efficient than existing numerical methods. He also demonstrated that the LSM method can be implemented easily for dimensions as high as ten or more.
American Option Valuation Techniques
In this section, five numerical techniques and three Monte Carlo techniques for American option pricing are discussed. The five numerical techniques are binomial method of Cox, Ross, and Rubinstein (1979) , trinomial method of Boyle (1986) , quadratic approximation of Barone-Adesi and Whaley (1987) , implicit and explicit finite difference methods of Schwartz (1977) . The three Monte Carlo methods are bundling method of Tilly (1993), simulated random tree of Broadie, Glasserman and Jain (1997) , and least square method of Longstaff and Schwartz (2001) . These methods are chosen because they have huge success in American option pricing literature and they are relatively simple to implement.
General Framework
This section defines the option pricing framework that would be used throughout the paper. The assumption used here are standard in the literature and there are consistent with those introduced by Black-Scholes (1973) . The underlying price S follows geometric Brownian motion. The price process is:
Z is a standard wiener process. Interest rate r and dividend q are continuous and constant throughout the maturity unless stated otherwise. Variance 2  of the underlying process is also constant for whole maturity.
Binomial Tree Method
Binomial method is one of the most successful numerical techniques. The method"s major advantage is its simplicity. Anyone with excel installed can easily implement this method.
Introduction about this method are kept minimum since it has already been covered in many books and papers. The basic intuition behind binomial tree model is simple -by constructing a dense tree that capture all possible future prices, American option value can be evaluated via a backward induction from the end of the tree to the initial node. Both Hull (2004) and Global Derivatives (Note 1) provide detailed description of such methods.
Implementation is fairly straightforward. Firstly, computing the jump parameter u and its associated probability p then the downward jump parameter is 1/u with probability 1 -p. Secondly, building the tree based on the four parameters and the convergent parameter n -number of time steps. Finally, the terminal option value are defined by their payoff function, then option values in all n -1 nodes are evaluated as maximum of its intrinsic value and its corresponding discounted expected payoff.
Trinomial Tree Method
This is a major modification of CRR"s binomial tree method in previous section. This method is also simple and efficient. Its only difference with binomial method is that a horizontal jump was incorporated and the horizontal jump always has a probability of 2/3. Its main improvement over binomial method is that it converges quicker given the same number of time steps. This result should be intuitively expected since for every time step trinomial tree has more price nodes.
Details of the method is not discussed either since this is also a commonly known technique. Implementation is very similar to that of BT. The only difference is in the construction of tree to include the middle jump.
Quadratic Approximation
It is widely accepted that American option price is equal to sum of an equivalent European option and the early ijef.ccsenet.org
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is the early exercise premium. BAW assumed that
. So that the premium will satisfy the differential equation:
The last term in above equation is assumed to be approximately zero for short maturity options. Then the new approximated second order differential equation can be solved for f (S,T) . The resulting function f(S,T) are then bring back into equation (1) so that we have:
Under the smooth pasting condition of Merton (1973) American option is optimally exercised when price S* is reached such:
With the known early exercise premium function the equation can be write as:
With this equation, the optimal exercise price can be solved iteratively.
The major advantage of quadratic approximation is speed, BAW have even proposed a very quick approximation method to solve early exercise price. Implementation of this method is fairly easy, the boundary price can be solved using Newton"s method which involves differentiate right hand right side of equation (5) with respect to S*.
Finite Difference Methods
Finite difference methods were first introduced by Schwartz (1977) and Brennan and Schwartz (1977) for American option pricing. They approximated the Black-Scholes partial differential equations by using discrete estimates of changes in the options values for small changes in time and the underlying stock price. The resulted approximation difference equation then can be evaluated to solve American option value. There are two major ways of estimating change"s in option value with respect to time and the stock price: forward and backward, respectively they represent implicit and explicit finite difference methods.
Implicit finite difference has the advantage that its convergence is stable, but has the disadvantage of inversing matrices. Explicit finite difference is more computational friendly as it is only a replication of multiple trinomial trees. Its only disadvantage is that convergence is not always ensured. Hull and White (1990) mentioned that a fix ratio between time increment and price increment could ensure convergence. Hull (2006) then suggested it is numerically most efficient to set
Z  is the log-transformed price increment. Both methods are specified as follow: firstly, the higher boundary for underlying price is determined to be 3 times of exercise price (e.g.
log( X , where X is the exercise price). Although 2 times of exercise price is fairly large to cover all possible initial prices, there are some extreme cases where underlying price climbed to a very high level (as demonstrated in later sections when early exercise boundary is examined under extreme parameters). Secondly, the lower boundary for underlying is 1 (e.g. 0 log ), because both methods are implemented under log-transformed specification. Thirdly, for explicit finite difference methods the ratio between Z 2 and t are fixed at Z 2 =3tσ 2 to ensure convergence. In computation t will be given as the convergence parameter, Z is then computed according to the expression. After implementation variety of input parameters was tested, as expected the explicit finite difference always converge (however, accuracy is not tested in these cases).
Option prices that line between two nodes will be approximated using linear extrapolation by assuming option value function between the two nodes is a straight line. Such approximation will not significantly compromise accuracy if the grid is very condensed.
Bundling Method of Tilley
It is the first attempt made to apply Monte Carlo method for American option pricing problem. Although later ijef.ccsenet.org International Journal of Economics and Finance Vol. 10, No. 5; 2018 5 literature have pointed out that bundling estimator are biased, next section demonstrates that this algorithm still approximate the option price with fairly good accuracy. The intuition behind bundling is that it groups paths whose stock price are similar to obtain an estimate of the one period ahead option value, then this procedure are carried out recursively until time 0.
Implementation of algorithm is as follow:
1) Reorder the stock price paths by stock price, from lowest price to highest price for a call option or from highest price to lowest price for a put option. Reindex the paths from 1 to R according to the reordering.
2) For each path k, compute the intrinsic value I(k, t) of the option.
3) Partition the set of R ordered paths into Q distinct bundles of P paths each.
4) For each path k, the option"s "holding value" H(k, t) is computed as the following mathematical expectation taken over all paths in the bundle containing the path k:
5) For each path, compare the holding value H(k, t) to the intrinsic value I(k, t) and decide "tentatively"
whether to exercise or hold. Define an indicator variable x(b, t) as follows:
6) Examine the sequence of 0"s and l"s. Determine a "sharp" boundary between the hold decision and the exercise decision as the start of the first string of l"s the length of which exceeds the length of every subsequent string of 0"s. Let k * (t) denote the path index (in the sample as ordered in step 1 above) of the leading 1 in such a string. The "transition zone" between hold and exercise is defined as the sequence of 0"s and l"s that begins with the first 1 and ends with the last 0.
7) Define a new exercise or hold indicator variable y(k, t) that incorporates the sharp boundary as follows:
8) For each path k, define the current value V (k, t) of the option as follows:
After the algorithm has been processed backward from time N to time 0, the indicator variable z(k, t) for t < N is estimated as follows: otherwise 0
The American option value is then defined as:
Where D(k,t) is path specific discount factor. In the paper it is assumed that D(k,t) is equal to ) ( t r Exp   for all path k and for all t.
Simulated Random Tree
In contrast to the Tilley"s approach, in the simulated random tree algorithm the evolution of stock prices is simulated using random trees rather than just sample paths. In the tree each node generates b number of branches, where b is called the branching parameter. As price jump is completely random and in any directions, the tree will not recombine. Each node in the tree is generated from its prior node using the equation:
Z is a standard normal random variable. For simplicity, the time increment t i -t i-1 is assumed to be equal to t over the whole tree for every price jump.
ijef.ccsenet.org International Journal of Economics and Finance Vol. 10, No. 5; 2018 6 The simulated tree then can be used to derive two estimators, one biased high and one biased low. The high estimator at time t as defined in Broadie, Glasserman and Jain (1997) is the maximum of its intrinsic value and the average of the discounted high estimators from its successor nodes at t+1. The high estimator at T (maturity) is defined as option"s intrinsic value. The low estimator at t for any node A is defined as the average of "decision value" from its successor nodes at t+1. The "decision value" in each t+1 successor node is defined as its discounted option intrinsic value if the average of the rest b-1 intrinsic values is greater than intrinsic value of node A; or the decision value is intrinsic value of A if the average is smaller. Confidence interval of true option value and a point estimate can then be computed based on the two estimators. The low estimator at T (maturity) is defined as its intrinsic value.
Formal definition of both estimators is outlined below, 
Least Squares Simulation Method
This method signals a definite breakthrough in American option pricing using Monte Carlo simulation. Its general intuition is that using cross sectional data to estimate options continual value. For every discrete exercise point, linear regression was performed to estimate option"s continual value function. So the "decision" exercises or continues can be made, this procedure is then carried out backward to time 0. Detailed methodology is not discussed and it can be found in Longstaff and Schwartz (2001) .
The specifications used in this paper are: for single underlying asset, the basis functions are underlying price and squared underlying price. For two underlying assets, there are four basis functions which are underlying prices and squared underlying prices of both assets. For options with five underlying assets, there are two specifications: firstly, LSM is valued using five basis functions -first five Weighted Laguerre polynomials. Secondly: LSM is rerun using 11 basis functions -first five weighted laguerre, the product of the highest and the second highest value, second highest and third highest, etc and finally the product of all five values. In addition, LSM basis function specifications are further tested in section 6.2.
Comparisons of Valuation Techniques
In this section detailed comparisons will be performed for each methods outlined in last section. Since all Monte Carlo methods implemented in last section only have discrete exercise opportunities, comparisons of valuation techniques are divide into two subsections: first subsection compares numerical methods and second subsections compare simulation methods.
Comparisons of Numerical Methods
In this section we compare all the numerical methods described in section 3. Comparisons are based on two criteria: computation speed and results accuracy. Speed of computation is measured using average computation time per option. Accuracy of results is measured using Roots Mean Square (RMS) relative error. It is defined as, Where C i is option true value. This measure is also used in Broadie and Detemple (1996) . Options true values are computed using binomial method with 5000 time steps. This is the maximum number of time steps the PC (Note ijef
2) under Visual Basic environment can effectively handle. It is worth noting that different hardware has different processing power. Such physical limitation is thus case specific. (1987) . The results are discussed as follow: Firstly, the fastest method is quadratic approximation. Its average computation time per option is effectively 0. The internal clock under Windows XP environment is accurate to every millisecond (Note 3). However such accuracy is not sufficient to measure computation time for quadratic approximation, it is simply too fast. But it also has the largest error.
(RMS reported are based on more significant digits than are shown in the tables) This is well expected. Secondly, binomial method is the second fastest with only 0.308 seconds to compute every option. Trinomial method has the longest computation time of 1.047 seconds per option. But it is also the most accurate method with the smallest error. This is also well expected since trinomial method has more nodes than that of binomial method for a given time steps. With the extra nodes generated, trinomial method is computationally more expensive and also more accurate. Thirdly, explicit finite difference dominates implicit finite difference in terms of both speed and accuracy. 2) Explicit Finite Difference method is based on n=500 time steps. m, number of steps in stock price, is then computed using Z 2 =3tσ 2 .In this case m=520 price steps. 3) Implicit Finite Difference method is based on n=500 time steps and m= 520 price steps. 4) Time is in seconds. It is average time spend in calculating above 5 option values. 5) Error is RMS as defined in the above paragraph. 6) The true value column is based on the binomial methods with n=5,000 time steps.
To make comparison meaningful, convergent parameters for implicit finite difference method is specifically chosen. Explicit finite method in table 1 has 500 time steps and according to the fixed ratio between Z 2 and t, it has 520 price steps. Convergent parameters for implicit method are then set to 500 time steps and 520 price steps. As shown in the table, explicit method has both less computational time and lower relative mean error. Such result is consistent with Geske and Shastri (1985) which observed that explicit method is more efficient than implicit method. Table 2 shows values of equivalent American put options. Results in table 2 are very similar to that of table 1. But some very interesting results are observed. All methods are less efficient in computing put option values except implicit method. As the computation time has shown, all three methods Binomial, Trinomial and Explicit need longer time to compute each option value. However small the time difference is, it will be very substantial if a large number of options are being valued. This is again consistent with previous literature. Merton (1973) showed that exercise boundary for put options must be checked at every instant, but call options may be exercised only at the ex-dividend dates. Geske and Shastri (1985) also showed that approximation techniques are more efficient for call options than for put options. 8 Surprisingly, implicit method shows shorter computational time for valuing put options. Such shorter computation time may be due to other factors (e.g. other operations that are running in the PC when options are valued) rather than the algorithm itself. Interestingly, running the programmed algorithm in other PCs (with variety of input parameters) showed that this relative time difference tends to disappear when large number of options are valued. When less than three options are valued, the method is still more efficient for put options. But checking computation time for each Visual Basic command line reveals that the timing difference is due to procedure that involves solving systems of equation. And the procedure for both call and put are exactly identical. This leaves with the only conclusion that internal clock of PC has small random errors every millisecond and it only accurate up to a certain point. Visual Basic Timer function may also have small random error every millisecond. When valuing only five options or less, these errors are quite substantial (since high level of accuracy is needed). But when many options are valued together, such random errors tend to be offset and disappear.
Another interesting finding in table 2 is that quadratic approximation shows accuracy that is even higher than that of finite difference methods. But this is somewhat expected, as already discussed in BAW (1987) that quadratic approximation has the highest accuracy for half year or less maturity.
Given results presented in table 1 and 2, it is quite clear that binomial method has relative advantage. It is computationally efficient and has relatively low error. But does these results stands for other input parameters?! Table 3 shows option values for many varieties of input parameters. Table 3 . Explicit method has the second shortest computing time per option (see Table 3 second last row) with relatively good accuracy. However, this relative computation efficiency is not sustained for longer maturity option as shown in Table 4 . Table 3 and 4 shows binomial dominate trinomial method in terms of both accuracy and speed. All relative errors and time are in favor of binomial method. This result is inconsistent with many previous literatures which state that trinomial converges quicker. This result may largely due to the accuracy of the true option value. In fact, the true option value based on n=5,000 may simply not sufficiently accurate. It is well known that convergence of a binomial option price to the true price is not monotonic, but oscillatory in the step size. The "true value" reported therefore tends to favourably biased toward binomial method. To achieve a better estimation of true option value, extrapolation technique may need to be employed. So that physical limitation of PC memory problem can be handled and option true values are estimated with greater accuracy.
Secondly, results from both
Thirdly, by comparing results in table 3 and 4, it is very clear that when pricing long maturity option using finite difference methods more time steps and price steps are needed to ensure convergence. Since both methods have errors that only marginally smaller than that of quadratic approximation.
Fourthly, for explicit method it is very intriguing that the longer the maturity, the shorter the computation time.
Closer look into the algorithm shows that fixed ratio between Z 2 and t is no longer efficient for long maturity options. Given 500 time steps and 5 year maturity then price steps is computed to be only 50. This certainly will not result convergence. In fact, fixing ratio will not result satisfactory convergence if there are extreme parameters. (E.g. volatility greater than 1, interest rate near 0 etc.) Purely increasing time steps in this case will not solve the problem. Both time steps and price steps have to be separately specified to ensure convergence.
To sum up, all methods have their advantages. Quadratic approximation is superbly fast. Its computation time is effectively indifferent from zero. While it also shows good precision when maturity is short. Binomial method is the simplest to implement, it provides good accuracy and speed tradeoff. Advantage of trinomial method, however, is not so well demonstrated from the results because of the problems with the "true value". Explicit finite difference show very attractive efficiency when grid ratio is fixed, it also solved its inherent instability problem and always converge. However fixing grid ratio has difficulty when option parameters are extreme. Implicit finite difference can easily solve the extreme parameter problem by increasing grid density. But it is relatively slow because of inverting matrices.
Comparisons of Monte Carlo Methods
In this section, three simulation methods will be compared for a variety of parameters. Before proceeding to comparison, first let"s look at the random number generator. Throughout this paper standard normal random numbers are generated using Box-Muller transformation. This choice is largely due to its simplicity. Although Box-Muller is computationally expensive, it will not significantly influence speed since valuing any single American option usually needs no more than 500,000 random numbers. Implementation of the generator follows directions from Steele and Douglas (2005) . Testing of generator is not performed since it is comprehensively tested in Steele and Douglas (2005) . Table 5 shows values of seven American call options based on the three simulation methods. option parameters used here are identical to those in table 1 of Broadie, Glasserman, and Jain (1997) . Quick glance at Table 5 reveals that all three methods can approximate option value quite tightly. And standard errors are fairly small for ijef.ccsenet.org International Journal of Economics and Finance Vol. 10, No. 5; 2018 10 most initial asset prices. Standard errors are highest for options with initial price 110. But computation time for bundling method is extensively long. 2) Bundling method is computed with 100 independent samples of 4,900 paths each using a partition of 70 bundles by 70 paths per bundle. 3) LSM is computed with 100 independent samples of 50,000 paths. 4) Simulated tree is computed using 100 independent estimation of both high and low estimators, b=50. 5) Time is averaged computation time per option, it is in seconds. It takes about 2274 seconds to compute a single option value. That"s roughly 40 minutes. Computing Bundling column of Table 5 took about five hours. Checking computation time for each command line shows that the problem lies mainly on paths reordering. Bundling method reorder price paths every time when there is an exercise opportunities. Reorder a single string of prices is simple task that can be done within millions fraction of a second, however the method requires reorder of all the paths that are related to the price. This is a two dimensional sorting procedure. Unless a quick algorithm is introduced or accuracy is not an important issue, using bundling method for American options valuation is practically impossible or at least cumbersome.
On the other hand, both LSM and Simulated Tree show splendid speed. With roughly one minute to compute each option. It is worth noting that ST will become computationally impossible if exercise opportunities are too large. If exercise opportunities increase to five, ST will not be able to price American option. This is largely due to data storage limit in the computer. Furthermore, computation time of ST grows exponentially with exercise opportunities. On the other hand, data storage requirement and computation time of LSM is not exponentially related to exercise opportunities. It can readily handle options with more than 100 exercise opportunities. LSM"s advantage over the other two methods is obvious. It also has the lowest standard error for options valued.
Some more comparisons are reported in Table 6 . To make table easy to read, standard errors are not reported. Error measure RMS is reported again for all options valued in the table. Average computation time per option is also reported. The first serial of option parameters in the table is identical to that of Tilley (1993) , but option values are different from his because there are only four exercise opportunities. The results can be generally summarised as follow: Firstly, simulated tree is the fastest method with average computation time of only 48 seconds per option. However, its accuracy is not so satisfactory (RMS is greater than 1%).This is very strange result since branch parameters and numbers of independent samples used for ST computation are identical to that of Broadie, Glasserman and Jain (1997) . Using 200 independent samples and compute option values (not reported) in the table again, the estimation error persists. Note. All specification are the same with Table 5 except Bundling method is computed with 10 independent samples of 10,000 paths each using a partition of 100 bundles by 100 paths per bundle. Error is measured in RMS as defined previously. *True values are computed using Black-Scholes.
It seems that ST has relatively low precision when valuing option with maturity longer than one year. Other variance reduction techniques may be implemented with the method in order to achieve better estimates.
Secondly, Tilley"s bundling method is still the slowest with roughly 15 minutes for each option. Though the results are not conclusive as discussed previously, the problem lies in the implementation. Speed could be improved if a more efficient reordering algorithm is introduced. (Using a more advanced programming language could also significantly increase speed, but here only relative speed matters.)
Finally, least square method has stunning accuracy. For most option valued, it is accurate up to 2 decimal places. Not only it has superior accuracy, it is also speedy. Its average computation time is 71 seconds per option, a little longer than ST, but with much greater precision. Application of LSM to higher dimensional problem is also straightforward, as discussed in later section.
To sum up, bundling method is a little complex to implement and its efficiency can only be improved with a quicker reorder mechanism. ST is fast but can only handle options with no more than four exercise opportunities. And its accuracy over long term options is relatively poor. LSM is the most promising technique with decent speed and superb accuracy, its speed and accuracy can be even better with some simple modification.
Conclusion
Most results and findings presented in this paper are consistent with previous literature. There are a few technical implementation problems where results contradict to previous findings. For example, advantage of trinomial method is not so strongly presented because possible biases in the option true values, which needs to be estimated with greater accuracy. And also the low efficiency of bundling method could be significantly improved if an alternative optimization procedure is implemented.
It is also worth noting that implementations can be further improved. For finite difference methods, price grid is recomputed every time a new option is valued. But not stored in the memory so that next option price can be simply retrieved from the grid. Efficiency of tree methods can also be improved by utilizing trees previously computed rather than re-computing whole tree again. If such improvements are implemented, conclusions reached may be different. But given the resources and time constraint, the results are most likely to be right for small investors who do not have to price large number of options every few hours. It may also be right for small companies which do not have a full department of computer programmers working on every aspects of computation optimization.
Overall the findings can be summarized as follows: Binomial are simple and efficient. Trinomial compensate efficiency with accuracy (Through not in second test). Explicit finite differences methods are very attractive when the grid ratio is fixed. Quadratic approximation is very fast but for long maturity option accuracy becomes a huge problem. Simulations are relatively slow even when dimensions are low. Among the three Monte Carlo ijef.ccsenet.org
International Journal of Economics and Finance Vol. 10, No. 5; 2018 12 methods, LSM shows the best performance. Simulated tree is also very efficient, but its accuracy for long maturity options is disappointing. It is very difficult for simulated tree to price options with more than five exercise opportunities. Bundling methods can approximate option value with very good accuracy but not in an efficient way. Its computation time is about ten times that of LSM.
Although this paper examined some of the most popular American option pricing methods, there are still many research questions that are not explored or not explored in sufficient details. Many areas are worth further research: Firstly, code implemented may not be the most efficient. There are many areas that optimization is still possible, which could substantially change conclusions in the paper. For example, bundling method could be implemented with more efficient sorting procedure which can significantly improve efficiency. Finite difference methods could be implemented in a way that price grids are pre-stored, computation of option price only need to choose the right node from the stored grid. Tree methods can also be improved by utilizing trees previously computed rather than re-computing whole tree again. LSM can be implemented using matrix algebra for the cross sectional regressions rather than rely on Excel function "Linest".
Secondly, variance reduction techniques could be employed for simulation methods. Techniques that can increase precision of estimates are quite important. Some possible variance reduction techniques of ST method have already been introduced in Broadie, Glasserman, and Jain (1997) .
